Introduction
Climate change affects human health both directly and indirectly. Direct health effects caused by climate change include greater morbidity and mortality due to increases in severity and frequency of extreme weather events, decreases in air quality and increases in heavy rainfall events (Haines and Patz, 2004) . Indirect health effects may be caused by altered disease ecologies and expansion of existing disease geography (Gage et al., 2008) . Persons most affected directly by climate change are socioeconomically marginalised populations such as the elderly, children, minorities and persons with certain pre-existing medical conditions. Health vulnerability assessments focus on understanding population sensitivity to the effects of specific exposures, measuring the ability to respond to and recover from these effects. A greater understanding of how health might be affected by climate change will help identify populations facing disproportionately higher burdens. Additionally, public health entities may contribute to future policies where climate change and health issues intersect (Frumkin et al., 2008) .
Assessments of health vulnerabilities, on varying spatial and temporal scales, are typically based on demographics and anthropogenic built environment measures that use multivariate regression and simulation models (Balica et al., 2009; Connor and Hiroki, 2005; Harlan et al., 2006; Johnson et al., 2009) . We aimed to balance the computational complexity of the approach in identifying health, social and environmental vulnerabilities with the resources available to local public health departments through a downscaled vulnerability analysis. Using Travis County, Texas, we identify measures to help comprehend population vulnerability to climate change. We used social factors, built environment and age-adjusted mortality rates to create a social-built environment index and measures of baseline health at the community level. The simplicity of the method and the use of hazard-relevant health data at that scale increase the relevancy to local planning efforts, as compared to county or census tract levels where neighbourhood and community level variations are often masked.
Travis County has a humid, subtropical climate with hot summers and mild winters. According to the National Climatic Data Center, the county experienced seven excessive heat events during 1999 -2005 (NCDC, 2011 . In addition, the county is located in Central Texas's Flash Flood Alley and experienced 44 flood events during 1999 -2005 (NCDC, 2011 . Because climate change affects excessive heat and flooding events, we assess baseline population health, social marginalisation and the community's built environment impediments as they relate to these two natural hazards.
Principal component analysis is a practical data reduction method that adds components together to create measurable vulnerability indices. Here, population vulnerability to climate change is defined as the sensitivity of a community, location or place-through the intersection of social marginalisation, built environment impediments and poor population health-to respond to and recover from natural hazards likely to be exacerbated by climate change. This view of vulnerability, without implying causation, allows integration of disparate information already available at the local level. Access to information about social marginalisation and the built environment help local officials to better implement and monitor climate-change policies through the lens of health. Potentially, policy makers may reduce existing vulnerabilities through targeted outreach, education interventions and improved emergency response and preparedness activities.
Methodology

Social and built environment
We conducted a public health literature review of social and built environmental measures associated with excessive heat and flooding. The socio-environmental measures identified in the literature present a strong association with either heat or flood vulnerability, such as the presence of air conditioning as a protective factor in heat vulnerability (Reid et al., 2009) . However, not all of the data for these strong measures were available at the needed spatial-temporal scale. Such indicators were identified as potential measures but ultimately excluded from the vulnerability index if the data were not available (see Appendix, Tables 1 and 2) . We selected pre-existing, freely available, geo-referenced national data sources primarily to assist in the simplicity and reproducibility of the methods at the local level (Appendix, Table 2 ). However, due to the location-specific nature of flash floods and heat vulnerability, local data also served to supplement nationally available data. For example, the City of Austin Watershed Protection Department provided additional information regarding the most dangerous low-water crossings in the study area. In addition, the Texas Natural Resources Information System (TNRIS) provided access to Landsat-5 and Landsat-7 data and developed the average surface temperature map used in the study (Houghton et al., 2012) . 1 We used the 2000 US Census block groups to represent temporal and spatial scales of vulnerability. Based on data availability for Travis County at the block-group level, we selected a subset of social and environmental measures from the literature. Our approach was based on the following three focal points:
1) identification of location-relevant (Travis County) natural hazards affected by climate change (excessive heat and flood); 2) selection of previously identified health, social and built environment measures associated with the location-relevant natural hazard (Appendix, Table 1 ); 3) analysis based on data availability of previously identified measures with relevant spatial-temporal scale (that is, block groups from the 2000 US Census) (Appendix, Table 2 ).
We used principal component analysis to create indices that collapsed previously identified social and built environmental variables associated with vulnerability to excessive heat and flooding events (Appendix, Table 2 ). Table 3 (see Appendix) highlights the variable combinations that created components yielding the highest explained cumulative variance. We used varimax rotation to account for as much variation as possible through a linear combination. We selected components based on eigenvalues greater than one to account for at least 10 per cent of the total variances. We then normalised and summed selected components with the a priori assumption of equal weights to reduce subjective complexity (social indicators carried the same weight as environmental indicators in determining social-built environment index scores) (Balica et al., 2009; Connor and Hiroki, 2005; Reid et al., 2009 ).
Baseline poor health
The clinical manifestations of excessive heat exposure include heat cramps, heat syncope, heat exhaustion, heat stroke and mortality caused by hyperthermia (Luber and McGeehin, 2008) . Persons with pre-existing medical conditions such as cardiovascular diseases are at greater risk for heat-related morbidity or mortality when exposed to excessive heat (Wainwright et al., 1999) . This complex interaction that heat imposes on specific chronic conditions likely leads to underestimated reports of hyperthermia mortality.
The primary causes of mortality associated with flooding events are drowning, injury or trauma (CDC, 1993) . Floods are extremely localised events, and more than half of flood-related drowning occurs when a vehicle is driven into hazardous flood waters (CDC, 2000) . However, the long-term effects of flooding such as those seen during the recovery phase are often underestimated. During the disaster recovery phase, chronic healthcare needs for vulnerable populations may be exacerbated, with diabetes and hypertension identified as chronic diseases that present post-disaster management issues (Mokdad, 2005) .
The Texas Department of State Health Services provided the cardiovascular, diabetes and hypertension mortality data used to estimate pre-existing baseline measures of health vulnerabilities for Travis County during 1999-2005. We geocoded the deceased's residence at time of death and by cause of death (ICD-10) to serve as a baseline measure of population health, and calculated age-adjusted mortality rates per block group. To reduce statistical variability by block groups (n = 516) with small populations, we removed the block groups with fewer than 30 residents (n = 8) and aggregated recorded deaths over the five-year period in which data were available (1999) (2000) (2001) (2002) (2003) (2004) (2005) . All rates were age adjusted using the year 2000 US population standard.
Analysis
We linked the social-built environment index score to baseline mortality measures by block group for excessive heat and separately for flood. We ranked index scores by percentile as lowest (lower than 50th percentile) to highest (99.1th percentile and higher) measure of social-built environment vulnerability. We classified mortality rates as low, medium or high, based on the same percentile ranking for the indices. We linked the mortality and index percentiles categorically by block groups. We then mapped the block groups containing the categorical index score and mortality rate to identify communities where poor health, social marginalisation and built environment impediments intersected. We checked the maps for spatial autocorrelation, describing cluster patterns using Global Moran's I test. We performed all statistical analyses using SAS 9.2 developed by SAS Institute, Inc © in Cary, North Carolina, United States. Geospatial mapping was performed using ArcMap 9.3 software developed by ESRI ® in Redlands, California, United States.
Results
Excessive heat
We assessed excessive heat vulnerability through a linked social-built environment index score with baseline cardiovascular mortality rate (Figure 1 ). For the social-built environment index, final variables (Appendix, Table 2 ) included in the analysis for excessive heat yielded three factors (measuring social, physiological and environmental components) that explain 79.6 per cent of the cumulative variance (Appendix, Table 3 ). Notes: Low overall vulnerability denotes block groups with the lowest percentiles in heat vulnerability AND baseline cardiovascular mortality rates (the scores or rates fall at or below the 50th percentile). High overall vulnerability denotes US Census block groups with the highest percentiles in socio-environmental vulnerability to heat AND baseline cardiovascular mortality rates (the scores or rates are at or above the 99th percentile).
Source: created by the authors using public domain data provided by the US Census Bureau.
Average age-adjusted cardiovascular mortality rate was 2.49 (95 per cent CI = 2.32, 2.67) per 10,000 population for all of Travis County, and increased from 1.84 (1.69, 1.99) to 7.69 (4.89, 10.49) per 10,000 population as the social-built environmental index for excessive heat increased from low to high, respectively. The geocoded parameters for cardiovascular mortality data included street-level coding for an overall 94.8 per cent of the records included in the analysis. When we tested for spatial autocorrelation, the vulnerability map (Figure 1 ) exhibited more pronounced clustering than expected (Moran's I = 0.09), given the underlying clustering (Moran's I = 0.03) of the Travis County block groups with p-values less than 0.001. We identified block groups east of Interstate-35 within the city of Austin where poor health, social marginalisation and built environment impediments for excessive heat vulnerability intersect (Figure 1) . These block groups contain large minority populations and are located within a 2000 US Census tract where 64 per cent of the population attained only a high school diploma or less education, and 22.6 per cent lived below the poverty level. One block group northeast of the city contained both high cardiovascular mortality and high socio-environmental index score for excessive heat vulnerability (Figure 1 ). This block group is situated within an industrial area that lacks green space, contains income-based senior living apartment homes, and where 64 per cent of households have at least one person aged 65 years or older based on the 2000 US Census.
Flood
We assessed flood vulnerability through a linked social-built environment index score with a baseline mortality rate for combined diabetes and hypertension (Figure 2) . For the social-built environment index, we included final variables (Appendix, Table 2 ) in the analysis for flooding that yielded three factors (measuring neighbourhood stability, biophysical and social components) that explained 80.7 per cent of the cumulative variance (Appendix, Table 3 ). The average age-adjusted mortality rate for combined diabetes and hypertension was 0.50 (95 per cent CI = 0.44, 0.56) per 10,000 population for all of Travis County, and increased slightly from 0.48 (0.39, 0.57) to 0.87 (0.07, 1.68) per 10,000 population as the socio-environmental index for flooding increased from low to high, respectively. The geocoded parameters for diabetes and hypertension included street-level coding for an overall 94.7 per cent of the records included in the analysis. Notes: Low overall vulnerability denotes block groups with the lowest percentiles in flood vulnerability AND baseline combined diabetes and hypertension mortality rates as a proxy for medical displacement risk (the scores or rates fall at or below the 50th percentile). High overall vulnerability denotes block groups with the highest percentiles in socio-environmental vulnerability to flooding AND baseline combined diabetes and hypertension mortality rates as a proxy for medical displacement risk (the scores or rates are at or above the 99th percentile).
When we tested for spatial autocorrelation, the vulnerability map (Figure 2 ) exhibited more pronounced clustering than expected (Moran's I = 0.04), given the underlying clustering (Moran's I = 0.03) of the Travis County block groups with p-values less than 0.001. We identified block groups further east within a historical minority community traversed by US Highway-183, where poor health, social marginalisation and built environment impediments for flooding vulnerability intersect. The area is within a 2000 US Census tract where 11.1 per cent of the population lives below the poverty line and 52 per cent of the population attained a high school diploma or less education. In addition, the area contains creeks that have historically exceeded their banks during past major flooding events (AWD, 1995).
Discussion and conclusions
Climate change directly and indirectly affects health. Public health tools must be enhanced to include not only human health but also socio-environmental factors that help identify vulnerability to climate-related hazards. Using principal component analysis, we created a measure for understanding population vulnerability to climate change using health, built environment and social measures at the community level. Through the intersection of social marginalisation, built environment impediments and poor population health, we defined climate change vulnerability as the sensitivity of a community, location or place to respond to and recover from natural hazards likely to be exacerbated by climate change.
Through the literature review we identified social and built environment variables associated with flooding and excessive heat events. We used principal component analysis to create separate non-weighted indices by block group. Separately, we identified mortality rates by block group for cardiovascular disease and combined diabetes and hypertension as measures of negative baseline health likely to be exacerbated during excessive heat and flooding events, respectively. We linked socialbuilt environment index scores to baseline mortality measures by block group, then mapped the links to identify communities where poor health, social marginalisation and built environment impediments for excessive heat and flooding intersected as measures of population vulnerability to climate change. We found that poor health, social marginalisation and built environment impediments do intersect, and specific areas within Travis County exhibit higher vulnerability.
Several studies use principal component analysis despite inherent limitations, while more comprehensive studies look at weighted regression analysis that may or may not feed into artificial neural networks (Cutter, 2003; Cutter and Finch, 2008; Harlan et al., 2006; Johnson et al., 2009; Reid et al., 2009; Uejio et al., 2011) . Such studies with weighted regression models and other predictive network models provide more precise forms of vulnerability measurements but are more data and labour intensive, producing narrowly applicable and complex models. These methodological models, despite their precision, are not easily transferable to other locations.
Although we chose not to apply weights outside of the mathematical component loading associated with principal component analysis, decision makers may apply weights of importance to variables. Use of such weighting necessitates a higher order of mathematical specification that, despite its precision, is not easily transferable to other locations. Non-weighted principal component analysis is more basic, providing a coarser form of vulnerability heavily dependent on variable quality. However, the added advantage is the flexibility for decision makers to streamline their approach towards assessing vulnerability as it relates to climate change. Principal component analysis is less data intensive yet provides the foundation to continue with more comprehensive predictive analysis through its data-reduction steps. We do not predict health outcome based on vulnerability. However, more robust predictive analyses will bring further understanding and higher specificity in understanding climate and intra-urban vulnerability. For the purposes of this article and replication at the local health department level, we chose more flexible methods to help understand population vulnerability to climate change.
Combined diabetes and hypertension mortality rates served as a proxy for potentially increased sensitivity to displacement with medical needs during floods. As the social-built environment index score increased with baseline mortality, more robust evidence supports the association between excessive heat and increasing cardiovascular mortality; flooding vulnerability and combined diabetes and hypertension mortality as a proxy for displacement with medical needs had weaker associations and require more research. Despite these limitations, the use of hazard-relevant health data provides more specificity in understanding vulnerability, which would otherwise be masked in total mortality data.
Another important point to note is that the chronic diseases selected here are traditionally highest among populations that are socially and environmentally vulnerable (for example, the elderly, the poor and minorities), whether a climate-driven hazard event does or does not occur. To adjust accordingly, we presented mortality rates through percentile ranking, with the most extreme rates indicating measures of the poorest health (above the 99.1th percentile). Without implying a cause and effect, we sought to provide in this study snapshots of communities with historically elevated poor health measures where social and built environmental characteristics have the greatest potential to exacerbate the impacts of climate-related natural hazards.
This method of identifying neighbourhoods potentially can translate into product development for climate change adaptation, specifically enhanced communication tools and targeted local policies. For instance, heat-related illness is preventable, yet annually excessive heat exposure causes many hospitalisations and deaths. Identifying communities where disproportionate health, built environment and social vulnerabilities intersect and exacerbate heat exposure, such as the East Austin neighbourhoods, allows public health agencies to craft and rapidly disseminate key messages specific to those communities before excessive heat events occur. Conversely, policy makers implementing long-term flood control projects may benefit from a more comprehensive view of vulnerable communities as neighbourhoods shift and redevelop. This approach potentially can assist decision makers outside the public health sector in allocating resources and implementing initiatives that promote emergency preparedness in the short term, while fostering resiliency through the focus of climate change adaptation policies in the long term. Notes: A total of 12 variables were placed in the analysis for heat, and 13 variables were placed in the analysis for flood. The list met all three criteria: 1) location-relevant natural hazards affected by climate change (flood and heat); 2) data availability based on relevant spatial-temporal scale (US Census block group); and 3) quantifiable risks previously identified in public health literature. 
Appendix
